O H C A M A C N A T A N O H J - , Z I U R . L A D G A M , O R R A V A N Z E R E P R A C S O - R A Z I M A L L I V O F L O D O R , A O B M A G - A I J E M A C I J U M . E S I U L d n
INTRODUCTION
In recent years, several approaches have been extensively studied in order to develop standalone inspection systems with the capability to detect defects in structures ( [1] [2]). The main purpose of these works is the implementation of longrange inspection systems for continuous condition monitoring [3] . Thus, in order to continuously assess the structural integrity, structural health-monitoring methods take advantage of permanently installed transducers, remotely sensing and embedded hardware platforms.
Embedded systems are promising solutions for SHM in real-time condition, since they offer suitable features as low power requirements, easy setup, low cost, small size, expandability, hardware accessibility, and balanced memory/processor performance. These features have motivated the use of embedded systems in SHM applications, for example, Bennouna et. al. [3] implemented on the dSPACE platform a wavelet analysis algorithm to process vibration signals. Siliang et. al. [4] validated the performance of a low-cost, low-power hardware platform to detect incipient faults of the bearings and gearbox based on an embedded sequential algorithm. Other example is described in the work by Kim et.al. [5] , where a prototype of a fully selfcontained system that performs impedance-based SHM is developed.
In this work, a comparison of the performance of Odroid-U3 and BeagleBoneBlack ARM systems is done, by embedding a damage detection algorithm based on PCA. Since the principle of elastic wave propagation along the structure is exploited, the embedded code process guided waves records, excited and registered by piezoelectric transducers. Changes in the wave patterns are determined by computing statistical indexes with respect to a baseline model of the structure. The performance of the studied platforms is evaluated by processing data recorded from a steel carbon pipe section, where reversible damages by adding masses are induced. The results show the feasibility of embedding SHM-PCA algorithms in the studied technologies for real world structures, with high numerical precision, minor memory requirements and low time consuming.
STRUCTURAL DAMAGE DETECTION METHODOLOGY
In order to detect structural damages, the methodology consists firstly in obtaining a structural baseline model by means of applying PCA on a set of experiments from pristine condition of the structure. Then, current condition (Damaged or Undamaged) of the structure is evaluated by comparing new measurements respect to the baseline model. PCA has been extensively used for SHM applications, where previous works have demonstrated its effectiveness for damage detection in aircraft sections, composite plates and pipework structures [6] [7] [8] . The concept of the methodology for structural damage detection based on PCA, used is this paper, can be visualized as presented in Figure 1 , where two stages are followed: Modeling and Monitoring. Several piezoelectric devices are attached to the surface structure, where one of them is used as actuator to generate guided waves along the structure and the remaining ones as sensors. 
Modeling stage: Baseline model building
According to Figure 1 , a baseline model is obtained using trial records from the pristine state of the structure. Piezoelectric sensor measurements are arranged in an unfolded matrix (X), which contains information about guided wave travelling. experiment trials are conducted to consider noise and variance due to the stochastic nature of the technique. Next, a preprocessing stage based on cross correlation analysis is implemented in order to exclude external signals common to actuation and sensing elements, and to eliminate noisy data trends. Thus, cross-correlation between actuation and sensing piezo-signals is computed, before applying PCA. The cross-correlation function between two signals X(t) and Y(t) is defined by (1).
Where, N is the number of samples and τ is the lag time interval used to compute the cross-correlation function. After organizing cross-correlated undamaged trials in a new matrix, GroupScaling [9] normalization procedure is applied in order to minimize bias and scale variance effects. The standardization is computed by using the mean of each lag-time sample for every experiment and the standard deviation of each sensor sample vector Eq. (2). Thus, each data-point xpk of the cross-correlated undamaged matrix is scaled by considering changes between sensors. As a result, from the standardization, k standard deviations and p mean values are obtained.
Then, the normalized cross-correlated undamaged matrix (̂) is represented in a new reduced space of coordinates with minimal redundancy (Eq. (3) ). Thus, a linear transformation (P) is obtained by means of the singular value decomposition of the covariance matrix, as it is described in PCA method [10] . Where, the singular values According to Figure 1 , the monitoring stage is applied to new PZT measurements representing the current state of the structure. These measurements are organized in a row vector. This row vector is then standardized by applying GroupScaling and considering mean values and standard deviations of the undamaged baseline matrix. Then, the normalized row vector of new measurements is projected onto the reduced space by using Eq.(1). and 2 statistics indexes are used to detect abnormal behavior of guided wave signals, traveling along the structure compared with the baseline records, where differences between baseline and current state are attributed to damage.
The Q-statistic is a lack of fit measure between the analyzed experiment and the baseline records (Eq. (4)). 
EMBEDDED SYSTEM
The monitoring stage code of the studied methodology ( Figure 1 ) is embedded in a selected hardware as it is shown in Figure 2 . For this purpose, python language was used to implement Eq. (1) to Eq. (5), which define the monitoring stage. Hardware-in-the-loop simulation is used in the development and test of the feasibility of PCA algorithm for real-time condition monitoring. Thus, baseline model parameters (P, , , and ) are computed off-line in a PC and loaded to the embedded system. Also, piezoelectric measurements with the current condition of the structure are previously recorded through an acquisition system and stored in a PC, which works as an interface for the interaction between the embedded platform and structural dynamic response. Thus, by using the above configuration, it is possible to study simultaneous damage scenarios in a unique test (quickly prototyping). In this work, two embedded platforms were used to implement the monitoring stage: Beaglebone-Black Board (BBB) and Odroid-U3. Table I summarizes the main features of these Linux based systems. USB protocol serves as interface to emulate real-time monitoring, by sending online structural dynamic response from the PC to the embedded system. In this sense, Secure Shell (ssh) network protocol was used to establish remote session in a secure way. In addition, the efficiency of embedded hardware was compared respect to a Sony VAIO PC with 64-bit Windows S.O., Intel CoreTM2 Duo Processor T8100, CPU 2.10 GHz, and 2 GB RAM, where a dedicated MATLAB ® software is utilized to perform the cross-correlation analysis, normalization procedure, PCA projection, and damage indexes computation.
EXPERIMENTAL SETUP
Experimental data obtained from a carbon-steel pipe section were used to validate the embedded hardware performance. The pipe section (Figure 3 ) contains bridles at its ends and it is 100x 2.54 x0.3 cm (length, diameter, thickness). Two piezoelectric devices (sensor-actuator) were attached near to the structure bridles. Fifteen damage classes are recreated in the test specimen by adding masses at different locations of the surface. Each damage scenario, (denominated D1, D2 ⋯ D15), corresponds to a mass located at 5cm, 10cm, and so on, respect to the PZT actuator. Experiments related to pristine structure cases are labeled as 'UND'.
A number of 200 experiments per condition (Damaged/Undamaged) were conducted. The baseline model was obtained by using only 70% of undamaged experiments and the remaining ones (30% -'Orig') are used for validation purposes. Guided waves are induced with a 5 cycles Burst type pulse, which is then amplified to excite the PZT actuator at 80 [KHz] . The picoscope 2208A series is used as DAQ/Generation system by using a sample frequency of T s =40 ns. All experiments (Damaged/Undamaged) are unfolded in a matrix with dimensions [3200x19235].
EXPERIMENTAL RESULTS
Damage indexes (T2 and Q statistics), computed by means of MATLAB ® software and embedded platforms, are shown in Figure 5a and 5b respectively. It can be observed that no meaning visual differences are observed in the scatter plots, thus, both results are similar for visualization purposes. It is remarked that 90% of data variability can be explained by the first 80 principal components. Time and memory resources, required to implement the monitoring stage by using 15 principal components (elbow point in Log eigenvalue plot - Figure 5 ), are summarized in Table II. According to table II, the VAIO PC requires minimum resources due to its better hardware features. In addition, the two embedded hardware platforms accomplish Orig  UND  D1  D2  D3  D4  D5  D6  D7  D8  D9  D10  D11  D12  D13  D14  D15 8 the monitoring stage, however, it is remarked that BBB platform is limited to process matrices greater than 200x19235. The percentage relative errors between statistical indexes values computed by using the Odroid-U3 hardware and MATLAB ® PC software are depicted in Figure 6 . It is observed that error values are lower than 0.1%, which is an acceptable threshold for monitoring purposes. Finally, the percentage relative error is estimated when the statistical indexes are computed with different number of principal components. Figure 7 shows a comparison between the statistical indexes values obtained with Odroid-U3 and MATLAB ® . It is observed a high numerical difference when a big number (>80) of principal components are considered. Also, the T 2 index is more sensible than Q statistic because its value depends directly from eigenvalues, which have a logarithmic decay and very small values for high principal components. 
CONCLUSION
In this paper, the feasibility and efficiency of embedding a PCA based algorithm for damage detection in pipeline structures were demonstrated. Two embedded systems were validated without meaning differences related to time and memory consuming as well as numerical precision (< 0.07% of error). Future researching is required to test online performance of embedding PCA based algorithms for realtime condition monitoring of structures.
